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Abstract  1 

Ten years of terrestrial water storage anomalies from the Gravity Recovery and Climate 2 

Experiment (GRACE) were used to estimate high latitude snowfall accumulation using a mass 3 

balance approach. The estimates were used to assess two common gauge-undercatch correction 4 

factors (CFs): Legates climatology (CF-L) utilized in the Global Precipitation Climatology 5 

Project (GPCP), and Fuchs dynamic correction model (CF-F) used in the Global Precipitation 6 

Climatology Centre (GPCC) Monitoring product. The two CFs can be different by more than 7 

50%. CF-L tended to exceed CF-F over northern Asia and Eurasia, while the opposite was 8 

observed over North America. Estimates of snowfall from GPCP, GPCC-L (GPCC corrected by 9 

CF-L), and GPCC-F (GPCC corrected by CF-F) were 62%, 64%, and 46% more than GPCC 10 

over northern Asia and Eurasia. GRACE-based estimate (49% more than GPCC) was the closest 11 

to GPCC-F. We found that as near surface air temperature decreases, the products increasingly 12 

underestimated the GRACE-based snowfall accumulation. Overall, GRACE showed that CFs are 13 

effective in improving GPCC estimates. Furthermore, our case studies and overall statistics 14 

suggest that CF-F is likely more effective than CF-L in most of the high latitude regions studied 15 

here. GPCP showed generally better skill than GPCC-L, which might be related to the use of 16 

satellite data or additional quality controls on gauge inputs to GPCP. This study suggests that 17 

GPCP can be improved if it employs CF-L instead of CF-F to correct for gauge undercatch. 18 

However, this implementation requires further studies, region-specific analysis, and operational 19 

considerations. 20 

 21 

 22 

 23 
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 24 

1. Introduction 25 

Multiple studies have shown significant changes associated with a warming climate in high 26 

latitude environments (Moritz et al. 2002; Smith et al. 2005; Alley et al. 2007; Ye et al. 2014, 27 

2016) and evidence for future amplifications of these changes (Solomon et al. 2007; Lau et al. 28 

2013; Serreze and Francis 2006). Increasing temperatures can enhance moisture transport from 29 

low to high latitudes (Stephens et al. 2016) that could significantly influence Arctic precipitation 30 

amount, type and timing. Changes in high-latitude water and energy budgets can create 31 

feedbacks to weather and climate systems and influence regional and global carbon cycles. 32 

Reported changes in the high latitude hydrologic cycle are numerous, including changing 33 

precipitation and water vapor (Ye et al. 2016), snow cover, mountain glaciers and ice sheets, lake 34 

size (Smith et al. 2005; Shepard et al. 2018; Gardner et al. 2013), groundwater storage (Zhang et 35 

al. 2017), and freshwater discharge (e.g., Yang et al. 2002; McClelland et al. 2006), all impacted 36 

by precipitation amount and its distribution.  Critical to understanding these changes and the 37 

interactions between system components is a high-quality data record. Among various datasets, 38 

precipitation is fundamental, as it often directly affects other variables, such as snow cover and 39 

river flow. However, accurate quantification of precipitation over cold regions has been a 40 

longstanding challenge (Serreze and Barry 2005; Behrangi et al. 2016; Wen et al. 2017). The 41 

work in this paper directly addresses the accuracy of the observational precipitation datasets on 42 

which climate modelers, hydrologists, glaciologists, ecologists, biologists, engineers and others 43 

depend to advance understanding of the hydrological cycle at high latitudes. 44 

 45 
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A major source of global precipitation data are ground stations that often provide the longest 46 

records, sometimes spanning several decades. However, precipitation measurements from gauges 47 

can contain large errors in high latitudes for two primary reasons: (1) the precipitation gauge 48 

network is sparse and discontinuous in most regions—a substantial decrease in the number of 49 

high latitude precipitation stations since 1990 has exacerbated this limitation; and, (2) 50 

precipitation measurement often must be bias corrected to account for wetting loss and gauge 51 

undercatch (Goodison et al. 1998; Yang et al. 2001). The bias correction is largest for solid 52 

precipitation, can be as large as 300% (Fuchs et al. 2001), and depends on the choice of 53 

correction method. Furthermore, different countries use different gauge and windshield 54 

combinations that introduce additional complexity to the bias correction process (Scaff et al. 55 

2015). There are valuable efforts to study the consistency of precipitation observations between 56 

various manual and automatic gauges, among these are efforts under the World Meteorological 57 

Organization (WMO) Solid Precipitation Intercomparison Experiment (SPICE) project 58 

(Rasmussen et al., 2012) that have investigated many automated instruments for snowfall 59 

observations in various climate conditions. The data collection from SPICE, and the subsequent 60 

analyses, can enhance our ability to measure snowfall and improve bias correction methods. 61 

However, most of these efforts have not yet been fully implemented by the most widely-used 62 

precipitation products (e.g., GPCC and GPCP).  63 

 64 

Station measurements are often used to construct gridded products at different spatial and 65 

temporal resolutions. An example is the gridded daily and monthly precipitation products 66 

constructed by the Global Precipitation Climatology Centre (GPCC). GPCC has been used in 67 

numerous studies and products such as the Global Precipitation Climatology Project (GPCP). 68 
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Such gridded datasets facilitate evaluation of model and remote sensing products. However, in 69 

high latitudes such gridded estimates are greatly limited by distant interpolation between sparse 70 

observations. 71 

 72 

Over the last few decades space-borne sensors have provided another major source for 73 

estimating precipitation with global or near-global coverage (over both land and ocean). 74 

Continuous efforts have been dedicated to improve the quality of precipitation measuring sensors 75 

and retrieval techniques. However, high latitude precipitation estimation has remained a major 76 

area of uncertainty (Adler et al. 2012; Behrangi et al. 2014a,b 2016) mainly due to insufficient 77 

sensitivity of sensors to light rain and snowfall, poor understanding of polar precipitation 78 

microphysics, difficulties in separating light rain from clouds (Berg et al. 2006; Lebsock and 79 

L’Ecuyer 2011), and sensitivity of retrievals to prior knowledge about precipitation phase (Liu, 80 

2008). These uncertainties may be disproportionately larger over land due to orographic 81 

precipitation enhancement (Shige et al. 2013) and unknown surface emissivity (Ferraro et al. 82 

2013), especially over frozen land. These challenges have largely limited measurements of 83 

precipitation in high latitudes from space, especially during cold months when snowfall is 84 

typical.  85 

 86 

With the launch of the CloudSat Cloud Profiling Radar (CPR) in 2006 (Stephens et al. 2008), 87 

major advancements in the quantification of high latitude precipitation have been achieved. 88 

These advancements mainly come from the high sensitivity of CloudSat to drizzle, light rain, and 89 

snowfall that are the dominant types of precipitation in high latitudes. However, CloudSat has 90 

poor temporal coverage (i.e., 16-day repeat orbit and less temporal coverage after 2011 due to 91 
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battery issues). This means that CloudSat often misses precipitation events between two satellite 92 

overpasses. While CloudSat has been effective in estimating total precipitation over high latitude 93 

oceans (Behrangi et al. 2014), two major issues have limited its application over land: (1) 94 

precipitation is estimated at 1.00 - 1.50 km above the surface to avoid contamination of the 95 

reflectivity profile by surface returns (Tanelli et al. 2008) that can result in missing shallow 96 

precipitation; and, (2) over land, only the snowfall product is officially operational, while the 97 

rainfall is produced in an experimental mode that has not been evaluated. 98 

 99 

The operation of the Global Precipitation Measurement (GPM) mission (Hou et al. 2014; 100 

Skofronick-Jackson et al. 2017) starting in 2014 has also advanced retrieval of light rain and 101 

snowfall relative to its predecessor, the Tropical Rainfall Measurement Mission (TRMM). 102 

Measurement advancements come from the higher sensitivity of the GPM core instruments to 103 

light rain, snowfall, and improvements in retrieval methods. Unfortunately, the GPM Core 104 

Observatory instruments do not cover regions poleward of ~65oS/N, where retrieval of 105 

precipitation has to rely on other sensors and remains highly uncertain. 106 

 107 

In this study, we show that NASA’s Gravity Recovery and Climate Experiment (GRACE) 108 

terrestrial water storage anomaly data provide information that can be used to advance the 109 

development of high latitude precipitation datasets. Precipitation accumulation is calculated from 110 

GRACE Terrestrial Water Storage Anomalies (TWSA) using the mass conservation principle 111 

(e.g. Dingman, 2008) discussed in Section 2. This concept has been used to study various 112 

components of the water cycle including the near surface terrestrial water storage (e.g., snow, 113 

soil moisture, and glaciers) and groundwater (e.g., Niu et al. 2007; Gardner et al. 2013). GRACE 114 
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has also been used for precipitation analyses. Swenson (2010) used GRACE to assess cold-115 

season precipitation from the GPCP and Climate Prediction Center Merged Analysis of 116 

Precipitation (CMAP) and found that while spatial patterns and inter-annual variability are 117 

highly correlated between the datasets, differences typically increase at higher latitudes. 118 

Focusing on the East Antarctic Ice Sheet, Boening et al. (2012) investigated the balance between 119 

mass loss primarily due to glacial discharge and mass gain through precipitation derived from 120 

reanalysis, CloudSat, and GRACE. Recently, Behrangi et al. (2017) used GRACE to estimate 121 

monthly precipitation over high mountain Asia, where other precipitation datasets face major 122 

shortcomings. 123 

 124 

This study is different from previous investigations mainly because: (1) for the first time, 125 

GRACE is used to assess the gauge undercatch corrections that otherwise may not be possible 126 

through observations; (2) we use recent advancements in GRACE data processing (Watkins et al. 127 

2015) that result in increased accuracy and reduced bias due to leakage effects; and, (3) we 128 

minimize the contribution of uncertainties from model-derived evapotranspiration and runoff 129 

estimates (that are typically needed for component-wise mass balance) by focusing on frozen 130 

surfaces. As gauge precipitation measurement is a key component of gauge-only (e.g., GPCC) or 131 

satellite-gauge products (e.g., GPCP and similar products), this analysis is important to produce 132 

and assess high latitude precipitation products. 133 

 134 

The present study benefits from the unique capability of GRACE that enables an independent 135 

estimate of precipitation accumulation (i.e., gravimetry versus radiometry with no need for 136 

empirical parameterizations and ground-based calibration). Furthermore, GRACE measures total 137 
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accumulation so does not miss precipitation events in terms of total distributed water between 138 

two satellite overpasses. As such, the cumulative nature of GRACE estimates also mitigates 139 

errors that can be caused due to missing light rain, snow and mixed-phase precipitation by other 140 

space-borne sensors (Behrangi et al. 2012; 2014c). 141 

 142 

 143 

2. Datasets 144 

2.1. GPCC products 145 

GPCC was established in 1989 under WMO, in part to provide the in situ component of GPCP, a 146 

precipition product of the Global Energy and Water Exchanges (GEWEX) project. By 147 

integrating station data from several networks, GPCC produces station-based gridded 148 

precipitation data that covers global land excluding the Antarctic (Schneider et al. 2014). To 149 

produce a complete map, GPCC has to rely on interpolation of sparse in situ data that can lead to 150 

large and poorly characterized errors. This is especially the case in high latitudes. For example, 151 

only a handful of gauges operate over the entire Antarctic, so few that GPCC chooses not 152 

provide estimates for this continent. GPCC offers various products including the two widely-153 

used products that are assessed in this study: (1) the Full data monthly (V7), currently available 154 

from 1901 through 2013, which incorporates all stations and goes through the highest quality-155 

control process, but is not available in real-time and does not correct for gauge under-catch; and, 156 

(2) the low latency monthly Monitoring product (V5) that uses records from fewer gauging 157 

stations and is available from 1982 through to present. In this paper GPCC refers to GPCC Full 158 

data monthly (V7), unless we explicitly mention GPCC Monitoring. The V5 product also 159 

provides additional information including the fraction of liquid and solid precipitation and an 160 
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empirical gauge correction factor (CF). The CF is based on a method described in Fuchs et al. 161 

(2001). In brief, the method uses a dynamic correction model (Forland et al. 1996; Rubel and 162 

Hantel 1999) and employs various synoptic observations such as air temperature, relative 163 

humidity, precipitation intensity and wind speed. Daily bias-correction of synoptic observations 164 

are performed after determining precipitation phase using air and dew point temperatures, 165 

originally collected from more than 6x105 global synoptic data from 16 winter months. 166 

Occasionally, missing information limits the application of this method. In such cases the 167 

Legates climatology (Legates and Willmott 1990) can be used (see Fuchs et al. 2001 for further 168 

details). The Legates correction method is a monthly spatially varying climatology of undercatch 169 

estimate using the best guess of gauge types around the world as of the early 1980’s. Legates and 170 

Willmott (1990) used this method to generate global climatology of monthly precipitation by 171 

removing systematic errors caused by wind, wetting on the interior walls of the gauge, and 172 

evaporation from the gauge observations.  173 

 174 

2.2. GPCP 175 

GPCP is a widely-used community-based analysis of global precipitation under the auspices of 176 

the World Climate Research Program (WCRP) and GEWEX. GPCP uses a combination of 177 

spaceborne sensors over land and ocean including the Special Sensor Microwave Imager 178 

(SSMI), Special Sensor Microwave Imager/Sounder (SSMIS), geostationary imagers and polar 179 

orbiting infrared sounders such as the Television Infrared Observation Satellite (TIROS) 180 

Operational Vertical Sounder (TOVS) and Atmospheric Infrared Sounder (AIRS). Gauge-based 181 

estimates are adjusted for gauge undercatch using the Legates CFs described earlier.  Gauge 182 

measurements are averaged with satellite estimates using inverse estimated error variance 183 
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weighting (Huffman et al. 1997). Several upgrades have been made to the GPCP since its initial 184 

release (Huffman et al. 1997; Adler et al. 2003; Huffman et al. 2009). The latest version of 185 

GPCP ( V2.3) (Adler et al. 2016, 2017) was released in late 2016 at monthly 2.5°×2.5° 186 

resolution, covering the period 1979 to present and is available from 187 

http://eagle1.umd.edu/GPCP_ICDR/. As described in Adler et al. (2016), the changes in GPCP 188 

V2.3 are generally small compared to the previous version (GPCP V 2.2), and are mainly related 189 

to the updates in satellite cross-calibration procedures and new sets of gauge analyses used in 190 

GPCC V7 Full analysis. Monthly GPCP V2.3 was used in our study here. 191 

 192 

2.3. GRACE 193 

GRACE is a twin satellite mission that utilizes radar interferometry to measure range-rate 194 

variations between the two satellites, and has been operational since 2002. The GRACE orbit is 195 

perturbed by changes in gravity due to mass redistribution, such as water, within the Earth 196 

System. Orbital perturbations are recorded as changes in range-rates that can then be used to 197 

invert for the surface mass variations with high accuracy (Tapley et al. 2004). While several 198 

factors can result in mass variations, at monthly scale mass variations are largely caused by 199 

redistribution of water at or near the Earth’s surface. We use the latest 1° scaled version of the 200 

JPL GRACE TWSA mascon data product (RL05M version 2). This version includes 201 

improvements in both background geophysical models and orbital parameterization, and is based 202 

on the recent ‘mascon’ solution’ of surface mass change (Watkins et al. 2015), reducing 203 

solutions uncertainty and bias due to leakage effects. By using land surface model a priori 204 

information on spatial variability, a 0.5° signal is recovered as described in Landerer and 205 
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Swenson (2012). This dataset is available since 2003 and can be obtained from GRACE Tellus 206 

website (available at https://grace.jpl.nasa.gov/).  207 

 208 

2.4. CloudSat 209 

CloudSat 94-GHz nadir-looking CPR, with a spatial resolution of ~1.4 x 1.7 km, flies in NASA’s 210 

A-train constellation and crosses the equator at approximately 01:31/13:31 local times (Stephens 211 

et al. 2008). CloudSat has separate products that provide estimates of rain and snowfall rates. 212 

The snowfall product, the 2C-SNOW-PROFILE (Wood et al., 2014), is available over both land 213 

and ocean and has been evaluated by various groups (e.g., Smalley et al. 2014; Chen et al. 2016). 214 

However, CloudSat rain estimates (Haynes et al. 2009; Lebsock and L’Ecuyer 2011) are 215 

currently limited to ocean. Over land, the estimates are provisional with limited evaluation. As 216 

this study focuses on high latitude land, only 2C-SNOW-PROFILE product is used. The product 217 

is available via the CloudSat data processing center: http://www.cloudsat.cira.colostate.edu/data-218 

products. 219 

 220 

2.5. Other datasets 221 

A few other variables are also used in this work, including two-meter near surface air 222 

temperature (T2m), evapotranspiration (ET), runoff, and sublimation. T2m was obtained from 223 

the European Centre for Medium-Range Weather Forecasts (ECMWF) Interim Re-Analysis 224 

(ERA-Interim) (Dee et al. 2011), ET and runoff were obtained from the Global Land Data 225 

Assimilation System (GLDAS; (Rodell et al. 2004) using Noah and VIC Land Surface Models. 226 

The products provide monthly data at 0.25ox0.25o resolution (GLDAS_NOAH025_M, 227 

GLDAS_VIC025_M - V2.0) and are available from NASA Goddard Earth Sciences (GES) Data 228 
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and Information Services Center (DISC). Sublimation was obtained from the latest Modern-Era 229 

Retrospective Analysis (MERRA2-land) (Rienecker et al. 2011; Bosilovich et al. 2015) 230 

sublimation product (‘EVPSBLN’), available at monthly 1/2o x 2/3o resolution from DISC.  231 

 232 

The products listed above were mapped onto common monthly 2.5ox2.5o grids prior to analysis. 233 

This is mainly because CF-L and the latest version of GPCP (V2.3) were only available at 234 

monthly 2.5ox2.5o resolution. This resolution allows for the collection of large number of 235 

CloudSat samples within individual 2.5ox2.5o degree cells, which is important for stability of the 236 

derived statistics (Behrangi et al. 2012, 2016). The period of study is from 2003 to 2013, the 237 

former set by GRACE and the latter by GPCC monitoring product data availability.  238 

 239 

3. Method and results 240 

3.1. Precipitation accumulation from GRACE 241 

GRACE TWSA is used to calculate precipitation accumulation based on the mass conservation 242 

principle (e.g., Dingman 2008). If  represents accumulation start-time (e.g., first day of a 243 

month) and  represents accumulation end-time (e.g., last day of a month) for domain D, the 244 

water storage change between time  and  can be calculated as: 245 

 246 

∆               (Eq. 1) 247 

 248 

Where ∆S is the change in storage (i.e., from GRACE) between time  and  and P(t), ET(t), 249 

Sub(t), Qnet(t) are the precipitation rate, evapotranspiration rate, sublimation rate, and net lateral 250 

flux rate (e.g., runoff) for domain D at time t, respectively. 251 
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 252 

Because the objective of this study is to investigate the use of GRACE as an alternate tool for 253 

estimating high latitude precipitation, it is important to reduce uncertainties in various 254 

components of Eq. 1 (i.e., runoff, sublimation, and evapotranspiration). Therefore, in the present 255 

study, Eq. 1 was applied only to frozen land, defined by grids with individual 6-hour T2m less 256 

than a Temperature Threshold (TT) of 273K for the entire time during boreal winter (defined 257 

here as December, January, and February; hereafter DJF). Mean DJF temperature and areas 258 

corresponding to five selected TTs are shown in Figure 1. While the TT constraint limits the 259 

study area, it can largely reduce estimation uncertainties. By implementing this constraint: (1) 260 

the role and uncertainties associated with Qnet and ET are minimized; and, (2) the focus will be 261 

on snowfall rate estimate, which continues to be uncertain from both satellite (Behrangi et al. 262 

2014b) and gauge (Strangeways 2006) measurements. Figure 2 shows that CFs are often larger 263 

for snowfall than rainfall measurements, making the final snowfall rate estimate highly 264 

dependent on the accuracy of the CFs. While the temperature constraints allow analysis of 265 

Greenland and Antarctica, they were not studied here mainly because: (1) the use of GRACE to 266 

estimate the accumulated precipitation in Greenland and Antarctic ice sheets is complicated by 267 

ice divergence (continual export of mass from the interior of the ice sheets to the oceans via ice 268 

flow; Gardner et al. 2018); and, (2) GPCC products have no coverage over Antarctica. To 269 

minimize assumptions related to Qnet, ET, and sublimation amount, these components were 270 

included in Eq. 1 even though they are generally small. Most cold-season water budget studies 271 

do not consider sublimation, but here it is considered because we found that sublimation can 272 

account for as much as 7% of the total water budget over some regions and can be larger than the 273 
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total contribution of ET and runoff that, on average, account for less than 3% of total 274 

precipitation during winter.  275 

 276 

3.2. Analysis of gauge correction factor (CF) 277 

CFs are generally much larger for snowfall than rainfall (Figure 2). This makes it critical to 278 

identify a proper CF for snowfall analysis. Figure 3 shows seasonal maps of two CFs: Legates 279 

climatology (hereafter CF-L) and Fuchs dynamic correction model (hereafter CF-F). CF-L 280 

consists of fixed monthly climatology factors based on Legates and Willmott (1990) and was 281 

obtained from GPCP through communications between GPCP and GPCC. As described in 282 

Section 2.1, CF-F is dynamic in time and obtained from the GPCC monthly Monitoring product. 283 

In Figure 3, maps of CF-F are calculated by averaging a decade (2000-2009) of monthly CFs for 284 

each season. CF-L covers global land, but CF-F does not cover Antarctica. The maps in Figure 3 285 

show that CFs are close to (but above) one near equator, and are larger in higher latitudes and 286 

over mountainous areas. CFs are much larger during winter than summer in high latitudes, 287 

reflecting the dominance of snowfall there in the winter (Fig. 2). Both CF-L and CF-F agree on 288 

the zonal and seasonal dependence of the CFs, but they show major regional differences (e.g., 289 

compare the CFs over Eurasia in winter) as also noted by Schneider et al. (2017).   290 

 291 

A comparison of CFs is provided in Figure 4, which shows seasonal maps of percent relative 292 

difference between CF-F and CF-L. The relative difference is calculated by subtracting CF-F 293 

from CF-L and dividing the result by the mean of the two using a decade (years 2000-2009) of 294 

monthly data. The comparison shows that the relative differences are maximum during winter 295 

(e.g., can exceed 50%) and minimum during summer, confirming that CFs are more uncertain for 296 
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snowfall. CF-L values mostly exceed CF-F over Europe and northwest and northeast Asia, but 297 

are smaller over North America and part of East Asia (Figures 4a, 4b, and 4d). Observed 298 

differences can be related to the methodology used in determining CFs. Different gauges have 299 

different specifications such as different outsplash, evaporative and aerodynamic characteristics, 300 

and errors. It is often not an easy task to correct for these, and the detailed metadata required are 301 

not usually available (Strangeways 2006). Adjustment for errors for snowfall can be even more 302 

difficult due to the aerodynamic effects. As discussed by Strangeways (2006), such corrections 303 

are not straightforward and further efforts and considerations are needed to improve them. The 304 

present work can be a valuable approach to assess CFs by investigating which CF shows a better 305 

match to the total accumulation of snowfall captured by GRACE.  306 

 307 

3.3. Comparison of precipitation products 308 

Given that CF-F and CF-L can have significant regional and seasonal differences, it is insightful 309 

to apply the CFs to GPCC and inter-compare the outcomes with other precipitation estimates.  310 

Figure 5 shows winter and summer mean precipitation from GPCP (5a and 5b) and different 311 

GPCC products (5c-5h) calculated from a decade of data (2003-2012). By multiplying CF-L and 312 

CF-F by GPCC Full data (Figs 5g and h), GPCC-L (Figs 5c and 5d) and GPCC-F (Figs 5e and 313 

5f) are determined and used for cross-comparison with GPCP and GPCC. GPCP covers both 314 

ocean and land, and thus provides a complete view of precipitation pattern. Over land, GPCP 315 

uses GPCC Full data and CF-L to correct gauge measurements before combining them with 316 

satellite estimate. Therefore, it can be seen that GPCP and GPCC-L are similar over land. 317 

However, GPCP has its own quality control method and does not use all GPCC information 318 

(Huffman et al. 1997). By comparing the precipitation products in Figure 5, it can be concluded 319 
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that the largest discrepancy among the products occur during winter, when the choice of CF can 320 

significantly influence the estimated precipitation patterns. This is especially noticeable over 321 

Eurasia and North Asia, where GPCC originally shows much less precipitation than what 322 

estimated from GPCC-L and GPCC-F. The fact that the GPCC-L and GPCC-F can be very 323 

different from GPCC is highly important, as in many studies, gauge measurement (e.g., from 324 

GPCC) is considered as an absolute truth, yet with no undercatch correction.  325 

 326 

We compare total accumulation of snowfall from GPCC, GPCC-L, GPCC-F, GPCP, and 327 

CloudSat with the GRACE estimate (using Eq. 1). We focus on northeastern and northcentral 328 

Asia, representing a large area of frozen land (e.g., see Fig. 1b) to reduce GRACE-based 329 

precipitation estimation uncertainties as discussed in Section 3.1. Furthermore, this region has a 330 

wide range of elevations and temperatures, allowing detailed comparison of different products as 331 

a function of elevation and temperature conditions. The inclusion of CloudSat in our analysis is 332 

especially useful, as CloudSat is the most sensitive sensor in space to estimate snowfall rate since 333 

late 2006. However, CloudSat observations are only available during daylight hours after 2011 334 

(due to battery problem) and more than a month worth of data was lost in winter of 2010. 335 

Therefore, in the present work our CloudSat analysis is limited to 2007-2009.   336 

 337 

Mean winter snowfall rates from various products are shown in Figures 6a-f. The maps are 338 

constructed at 2.5ox2.5o resolution using two years of data (2007-2008) to reduce potential noise. 339 

This is especially important to improve CloudSat sampling. Corresponding maps of surface 340 

elevation above sea level (hereafter elevation) and station counts are shown in Figures 6g and 6h, 341 

respectively. The high elevation regions are mainly located in the southern part of the study area 342 
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with extension to the northeast (Fig. 6g). It can also be seen that the stations are sparse, 343 

especially in the north, where most of the grids contain either one or no station (Fig. 6h). Figures 344 

6a-f show that the products generally agree on the spatial distribution of winter snowfall, but 345 

they also display large regional differences in snowfall rates. GPCP (Fig. 6b) and GPCC-L (Fig. 346 

6e) agree well on both rate and spatial distribution of snowfall. They also show the largest 347 

snowfall rates over the northwest part of the study area compared to the other products. The 348 

observed overestimation by GPCP and GPCC-L over this region is also in agreement with 349 

Behrangi et al. (2014c), in which precipitation was estimated from atmospheric water vapor 350 

sinks calculated from various observations and reanalyses. On the other hand, GPCC (Fig. 6c) 351 

and CloudSat (Fig 6f) show good agreement, but both display the lowest snowfall rates among 352 

all other products. As GPCC does not incorporate CFs, it can be concluded that CloudSat likely 353 

underestimate the true seasonal snowfall amount. Compared to GPCC-L, and consistent with 354 

Figures 3 and 4, GPCC-F (Fig. 6d) has lower snowfall rates over the northwest and slightly 355 

higher rates over the central and eastern part of the study area. This flatter distribution in GPCC-356 

F agrees more with the GRACE estimate (Fig 6a) than other products.  357 

 358 

Snowfall rates are shown in Figure 7 and are constructed from the maps displayed in Figure 6. 359 

The GRACE estimate is shown on the abscissa and estimates from other products are shown on 360 

the ordinate. Summary statistics are also provided in each panel. GPCP (Fig. 7a), GPCC-F (Fig. 361 

7c), and GPCC-L (Fig. 7d) show the highest Correlation Coefficient (CC) with GRACE. GPCC-362 

F shows the lowest Root Mean Square Error (RMSE) and closest relative BIAS compared to 363 

GRACE, suggesting that GPCC-F is likely the best match to GRACE. Relative BIAS is 364 

calculated by dividing the products snowfall rate by the corresponding rate from GRACE. 365 
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Therefore, a product with a relative bias of one has the same average as GRACE. Among the 366 

products studied, GPCC (Fig. 7b) and CloudSat (Fig 7e) show lower agreement with GRACE. 367 

While it is not surprising to see GPCC, which does not include CFs, shows lower skill than 368 

GPCC-L and GPCC-F, it remains to be investigated why CloudSat demonstrates low skill scores. 369 

However, as discussed earlier, CloudSat precipitation is estimated in the fifth range bin (1.0 - 1.5 370 

km) above the surface to avoid contamination of the reflectivity profile by surface returns 371 

(Tanelli et al. 2008; Smalley 2014). Our analyses using three years (2007-2009) of CloudSat-372 

Lidar cloud classification product (2B-CLDCLASS-LIDAR-R04; available from the CloudSat 373 

data processing center) over the study region (displayed in Fig 6) shows that on average about 374 

26% of precipitable clouds reside below 1.5 km from the surface. Here precipitable clouds are 375 

defined as cloud types that are expected to precipitate (Sassen et al. 2008; Wang 2011): 376 

Stratocumulus (Sc), Cumulus (Cu), Nimbostratus (Ns), and Deep convective (DC). This 377 

observation is close to the ~30% underestimation of CloudSat seasonal snowfall relative to 378 

GRACE, GPCP, and corrected GPCC products.  379 

 380 

While Figure 6 provides valuable insights on regional differences among the studied products, it 381 

is also important to relate the differences to other factors that might impact snowfall rate and 382 

characteristics. Such analyses can help diagnose reasons behind the observed discrepancies 383 

among products and provide more useful feedback to algorithm developers. Figure 8 compares 384 

mean snowfall rates as a function of TT (Fig. 8a) and elevation (Fig. 8b). Figure 8 is constructed 385 

from the maps displayed in Figure 6. For TT ≥ 270 there is good agreement among GRACE, 386 

GPCP, GPCC-F, and GPCC-L, suggesting that the CFs are effective in improving agreement 387 

between GPCC and GRACE estimates. As TT decreases, the products show smaller mean 388 
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snowfall rates and tend to have larger underestimation compared to GRACE. For TT = 255K, the 389 

underestimation is about 16%, 20%, and 27% for GPCC-F, GPCP, and GPCC-L, respectively. 390 

GPCC and CloudSat produce comparable mean snowfall rates across the entire range of TT (Fig 391 

8a), but both products show relatively large underestimations compared to other products. For 392 

example, GPCC underestimates GPCC-L by about 27%, GPCC-F by about 36%, and GRACE by 393 

about ~46% for TT = 255K. Figure 8b shows a similar analysis by replacing TT with surface 394 

elevation. For elevations below 200m, where seasonal mean snowfall is often largest (see Fig. 6), 395 

GRACE and GPCC-F show almost identical mean snowfall rates. Their estimates are about 20% 396 

less than that estimated by GPCC-L and GPCP, but about 25% and 50% more than CloudSat and 397 

GPCC, respectively. As elevation increases, all products show lower snowfall rates. This is 398 

expected as elevation and T2m are correlated. CloudSat consistently shows higher estimates than 399 

GPCC, but lower estimates than other products across the entire elevation ranges. At high 400 

elevation ranges (i.e., elevation > 1000m), CloudSat shows a snowfall rate similar to GPCC-F, 401 

GPCC-L, and GPCP, but about 50% underestimation compared to GRACE. Analysis of 402 

CloudSat-Lidar cloud classes (2B-CLDCLASS-lidar ; Sassen et al. 2008) for 2007-2009 shows 403 

that about 40% of precipitable cloud classes can be missed at elevations greater than 1000 m. 404 

This is obtained by calculating the fraction of precipitating clouds (out of total precipitating 405 

clouds) that fall in the bottom part of the profile, defined by surface elevation plus 1.5km surface 406 

contamination height. The missed 40% ratio supports the likelihood that CloudSat is 407 

underestimating about 50% at high elevations. Note that 2B-CLDCLASS-lidar combines 408 

CloudSat CPR and CALIPSO lidar measurements to classify clouds into eight groups: stratus 409 

(St), stratus (Sc), cumulus (Cu, including cumulus congestus), nimbostratus (Ns), altocumulus 410 

(Ac), altostratus (As), deep convective (cumulonimbus), or high (cirrus and cirrostratus) clouds. 411 
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Among these classes, Sc, Cu, Nb, and deep convective are considered to have precipitation rate 412 

greater than zero in their definition (Wang et al. 2013).  413 

 414 

Time series of winter mean snowfall using a decade of the studied products over frozen regions 415 

in north and northeast Asia are compared in Figure 9,. The mean snowfall rates are based on a 416 

two-year running average to reduce potential uncertainties. The GRACE estimate is not shown 417 

for winter of 2011, when more than a month of GRACE observations were unavailable due to 418 

battery management. All products display a generally similar pattern to GPCC, but with a 419 

considerably larger snowfall rate (Fig. 9). On average GPCP, GPCC-L, and GPCC-F show about 420 

62%, 64%, and 46% higher snowfall rates than GPCC. GRACE estimate shows about 49% 421 

higher rate than GPCC and falls between GPCC-L and GPCC-F estimates, but closer to GPCC-422 

F.  423 

 424 

Skill scores for quantitative comparison between GRACE and other products in estimating 425 

winter cumulative snowfall for 2003-2013 (except 2011) are provided in Table 1. GPCP and 426 

GPCC-F are found to have the higher and GPCC has the lower Pearson Correlation Coefficient 427 

(CC) with GRACE. Furthermore, GPCC-F shows the lowest RMSE and the closest relative bias 428 

compared to GRACE, suggesting that GPCC-F outperforms other products according to 429 

GRACE. It can also be seen that GPCP has slightly better skill than GPCC-L, which might be 430 

related to the use of remotely sensed information or further quality controls on gauge datasets by 431 

GPCP. 432 

 433 
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Figure 10 compares quantitative statistics (CC, relative RMSE, and relative bias) calculated 434 

between GRACE winter-snowfall rates and other products as a function of TT (top row) and 435 

elevation (bottom row) using a decade of corresponding datasets (2004-2013). Because snowfall 436 

rate tends to be small at lower temperature (or higher elevations), in Figure 10 we show relative 437 

RMSE, calculated by dividing RMSE values by GRACE snowfall rate. Figure 10a shows that as 438 

TT decreases, the correlation between products and GRACE estimate decreases substantially. 439 

GPCP and GPCC-F show the largest and GPCC have the smallest correlation with GRACE 440 

across most temperature zones. Similar results can be seen by replacing TT with elevation (Fig 441 

10d), although in this case GPCC-F outperforms GPCC-L (in matching GRACE) only at 442 

elevations below 350m and above that GPCP and GPCC-L outperform GPCC-F. With respect to 443 

relative RMSE versus TT (Fig 10b), no clear conclusion can be made, except a monotonic 444 

increase in relative RMSE of GPCC as TT decreases. However, Figure 10e shows that the 445 

products generally show higher relative RMSE at higher elevations. Figures 10b and 10e show 446 

that GPCC-F has almost equal or lower relative RMSE than other products, across most TT or 447 

elevation ranges. Figure 10c shows that as temperature threshold decreases, the products display 448 

a larger decrease in mean snowfall rate than GRACE, resulting in a monotonic decrease in 449 

relative BIAS. This is also the case as elevation increases (Fig 10f). GPCC-F has the closest 450 

mean snowfall rate to GRACE for TT > 270K and TT < 260, but for TT between 260K and 451 

270K, GPCC-L and GPCP show higher agreement with GRACE (Fig 10c). Similarly, for 452 

elevations below 350m, GPCC-F shows the closet mean snowfall rate to GRACE. At higher 453 

elevations, all products (except GPCC) converge, but underestimate relative to GRACE (Fig. 454 

10f). The estimates from GPCP, GPCC-L, and GPCC-F are as large as GRACE for elevations 455 
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between 350m and 750m (Fig. 10f). GPCC consistently underestimates GRACE, as large as 456 

~35% to 45% for different TTs and 23% to 63% for different elevations (Figs 10c and 10f).  457 

 458 

Thus far, the analyses were mainly performed over the north and northeastern Asia. However, as 459 

shown in Figure 1b, similar analysis can also be done over northwestern part of North America 460 

continent. On average, this region contains only about 16% of total grids in the northern Asia 461 

region and presents a narrow range of TT (see Fig. 1b). Therefore, satisfactory analysis using TT 462 

or elevation was not found useful, mainly due to insufficient sample counts. Figure 11 is similar 463 

to Figure 9, but is constructed over northwestern part of North America continent using TT = 464 

272. Figure 11 shows that GPCP and GPCC-F have closer mean snowfall rates to GRACE than 465 

other products. Despite the results in northern Asia, Figure 11 shows that GPCC-L estimate is 466 

much less than GPCP. This observation, together with further analysis using spatial maps, 467 

suggest that combination of satellite and gauge analysis used in GPCP has likely increased GPCP 468 

estimate, thus it is closer to GPCC-F than GPCC-L. CloudSat estimates for 2008 and 2009 are 469 

also closer to GPCC-F than GPCC-L. This suggests that from GRACE and CloudSat 470 

perspective, GPCC-F might produce more reliable winter snowfall estimate than GPCC-L over 471 

northwestern region of North American continent.  472 

 473 

Summary and Concluding Remarks 474 

Accurate quantification of precipitation in high latitudes, and especially during the cold season, 475 

has been a longstanding challenge. Precipitation errors can affect a wide range of applications, 476 

such as those describing environmental changes associated with climate warming, intensification 477 

of hydrologic cycle, changes in regional hydrology and ecosystem, and water and energy budget 478 
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calculations (Tian et al., 2007; Ye et al., 2012). In this study, we show that GRACE can add 479 

valuable insights on quantification and assessment of high latitude snowfall rates.  480 

 481 

Precipitation measurements by gauges are often considered as truth in many studies and provide 482 

a key component of gauge-only (e.g., GPCC) or merged satellite-gauge products (e.g., GPCP and 483 

similar products). However, precipitation estimates from gauges can be especially erroneous in 484 

high latitudes, where the precipitation gauge network is often sparse and gauge undercatch is 485 

significant (Yang et al., 2005; Pan et al., 2016). In addition, automatic precipitation gauges have 486 

increasingly been used in the northern regions, so the transformation from manual to automated 487 

observation can add uncertainties on climate monitoring. Therefore, further efforts to relate and 488 

compare the manual and automated precipitation observations (e.g., Groisman et al., 1999; 489 

Rasmussen et al., 2012) are needed. 490 

 491 

Here, we utilized GRACE to estimate winter snowfall and assess gauge-undercatch correction 492 

skill based on two popular correction factors (CFs): Legates climatology (CF-L) used in GPCP, 493 

and Fuchs dynamic correction model (CF-F) computed in the latest GPCC Monitoring products. 494 

We found that the two correction factors can be significantly different (by more than 50%), 495 

especially for snowfall in high latitudes. CF-L tends to show larger values than CF-F over 496 

northern Asia and Eurasia, while the opposite is observed over northwestern North America. We 497 

performed our analysis using 11 years (2003-2013) of corresponding data sets for grids with 498 

surface temperatures continuously below 273K during winter season (DJF). While this constraint 499 

limited our precipitation analyses to snowfall and over certain regions, it helped reduce 500 
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uncertainties in the ET and runoff components required for closure of the hydrological mass 501 

budget. 502 

 503 

Our analysis concentrated on the northcentral and northeastern parts of Asia (including most of 504 

the Siberia) and compared GRACE estimates of winter snowfall with GPCC, GPCC-F, GPCP-L, 505 

GPCP, and CloudSat. “GPCC-F” and “GPCC-L” represent undercatch-corrected GPCC using 506 

CF-F and CF-L, respectively. The analysis was also performed at a range of surface elevations 507 

and near-surface air temperatures (T2m). Using a decade of data (2003-2013, except 2011), it 508 

was found that estimates of winter snowfall from GPCP, GPCC-L, and GPCC-F are about 62%, 509 

64%, and 46% higher than GPCC. The corresponding estimate from GRACE is also about 49% 510 

higher than GPCC and falls between GPCC-L and GPCC-F estimates, but closer to GPCC-F. 511 

GPCC-F also showed the smallest RMSE and the second highest correlation coefficient (after 512 

GPCP) relative to the GRACE estimate. As the temperature threshold decreases (or elevation 513 

increases), the products tend to show increasing underestimates compared to the GRACE 514 

estimates. Among the products, GPCC-F showed the lowest RMSE compared to GRACE for 515 

most of the temperature and elevation ranges studied. We also performed analysis over grids in 516 

the northwestern part of North America that showed that GPCP and GPCC-F have mean 517 

snowfall rates closer to GRACE than the other products. If one trusts the GRACE approach, 518 

GRACE suggests that both CF-L and CF-F significantly improve GPCC estimates, confirming 519 

that analyses of original gauge values (including GPCC products) have to be corrected for gauge 520 

undercatch prior to use. Additionally, based on case studies and overall statistics, it can be 521 

inferred that CF-F is more effective than CF-L in most of the high latitude regions studied here, 522 

but regional exceptions also exist. 523 
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 524 

The GRACE-based assessment enables an independent estimate of precipitation accumulation 525 

(i.e., gravimetry versus radiometry, with no need for empirical parameterizations and ground-526 

based calibration and bias correction). This feature of GRACE makes it especially useful over 527 

land in high latitudes, where unknown surface emissivity (particularly over frozen land), 528 

sparseness of ground measurement, and orographic precipitation enhancement have long been 529 

major challenges for the remote sensing of precipitation. Furthermore, the cumulative nature of 530 

GRACE estimates mitigates errors caused by missing precipitation type (e.g., light rain, snow, 531 

and mixed-phase) or precipitation events between two satellite overpasses. Another trait that 532 

makes GRACE-based estimates of cumulative precipitation, and especially snowfall, more 533 

valuable in high latitudes is a reduced dependence on other variables (i.e., ET and runoff) in the 534 

mass balance calculations.   535 

 536 

The present approach suggests an alternative means for the estimation of precipitation amount in 537 

high latitudes and can be valuable for constraining cumulative precipitation estimates from other 538 

methods or for assessing gauge correction coefficients, both of which have been difficult tasks in 539 

cold regions. The launch of the GRACE Follow-on mission (gracefo.jpl.nasa.gov) in May of 540 

2018 ensures continuation of GRACE-type measurements for several more years, making 541 

GRACE-based methods suitable and more useful to assess the long-term precipitation data 542 

record. 543 
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Figures caption: 

Figure 1. Analysis of near surface 2m air temperature (T2m) for boreal winter in 2008: (a) mean 

temperature, (b) location of gridboxes whose 6-hour T2m are less than a specific temperature 

threshold (TT) for the entire time during boreal winter. 

Figure 2. Distribution of the northern hemisphere gauge undercatch correction factors, separately 

shown for rain and snowfall. The correction factors are based on Fuchs et al. (2001). The 

distributions are normalized so the total frequency for each phase is one.  

Figure 3. Seasonal maps of two correction factors (CF): Legates climatology (CF-L) and Fuchs 

dynamic correction model (CF-F) shown in left and right columns, respectively. Maps of CF-F 

are calculated by averaging a decade (2000-2009) of monthly CFs for each season. 

Figure 4. Seasonal maps of percent relative differences between CF-F and CF-L. The relative 

differences are calculated by subtracting CF-F from CF-L and dividing the result by the mean of 

the two. The calculation is performed using a decade (years 2000-2009) of monthly CF-Fs. 

Figure 5. Comparison of summer- and winter-time mean precipitation of GPCP (5a and 5b) with 

different GPCC products (5c-5h) calculated from a decade of data (2003-2012). By multiplying 

CF-L and CF-F by GPCC Full data (Figs 5g and 5h), GPCC-L (Figs 5c and 5d) and GPCC-F 

(Figs 5e and 5f) are computed.  

Figure 6. Maps of winter mean snowfall rate from GRACE, GPCP, GPCC, GPCC-F, GPCC-L, 

and CloudSat over frozen land in northcentral and northeast Asia. These maps are constructed at 
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2.5ox2.5o resolution using two years of data (2007-2008) to reduce potential noises. 

Corresponding maps of elevation (from sea surface) and station counts (from GPCC full data) 

are also provided.  

Figure 7. Quantitative comparison of the products shown in Figure 6. The scatter plots are 

constructed from the maps displayed in Figure 8. Summary statistics are shown in each panel 

that include Correlation Coefficient (CC), Relative BIAS (relative to GRACE, so one is a perfect 

score), and Root Mean Square Error (RMSE) (mm day-1).  

Figure 8. Winter snowfall rates as a function of (a) T2m threshold and (b) surface elevation 

above sea level.  

Figure 9. Time series of a decade (2004-2013) of winter mean snowfall rates from the studied 

products over frozen regions in north and northeast Asia. The mean snowfall rates are based on 

two-year running averages to enhance the stability of results. GRACE estimate is not shown for 

winter 2011, when more than a month of GRACE observations were unavailable due to battery 

management.  

Figure 10. Quantitative statistics (CC, relative RMSE, and relative bias) calculated between 

GRACE winter snowfall rates and other products as a function of TT (top row) and elevation 

(bottom row) using a decade of corresponding datasets (2004-2013). Relative RMSE is 

calculated by dividing RMSE values by GRACE snowfall rate. Relative BIAS is defined as bias 

relative to GRACE, so one is a perfect score.  

Figure 11. Similar to Figure 9, but is constructed over northwestern North America. The study 

area in 2008 is shown in Fig 1b. 
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Table 1. Quantitative comparison of GRACE with various products in estimating winter snowfall 

for 2003-2013 (except 2011). Comparison is made over northcentral and northeastern Asia 

(north of latitude 45o) for grid boxes that are frozen the entire time. 

Products CC RMSE(mm d-1) Relative bias 

GPCP 0.63 0.51 1.09 

GPCC  0.58 0.46 0.67 

GPCC-L 0.62 0.55 1.10 

GPCC-F 0.63 0.43 0.98 
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Figure 1. Analysis of near-surface 2m air temperature (T2m) for boreal winter in 2008: (a) mean 

temperature, (b) location of gridboxes whose 6-hour T2m are less than a specific temperature 

threshold (TT) for the entire time during boreal winter. 
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Figure 2. Distribution of the northern hemisphere gauge undercatch correction factors, separately 

shown for rain and snowfall. The correction factors are based on Fuchs et al. (2001). The 

distributions are normalized so the total frequency for each phase is one.  
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Figure 3. Seasonal maps of two correction factors (CF): Legates climatology (CF-L) and Fuchs 

dynamic correction model (CF-F) shown in left and right columns, respectively. Maps of CF-F 

are calculated by averaging a decade (2000-2009) of monthly CFs for each season. 
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Figure 4. Seasonal maps of percent relative differences between CF-F and CF-L. The relative 

differences are calculated by subtracting CF-F from CF-L and dividing the result by the mean of 

the two. The calculation is performed using a decade (years 2000-2009) of monthly CF-Fs. 
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Figure 5. Comparison of summer- and winter-time mean precipitation of GPCP (5a and 5b) with 

different GPCC products (5c-5h) calculated from a decade of data (2003-2012). By multiplying 

CF-L and CF-F by GPCC Full data (Figs 5g and 5h), GPCC-L (Figs 5c and 5d) and GPCC-F 

(Figs 5e and 5f) are computed. 
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Figure 6. Maps of winter mean snowfall rate from GRACE, GPCP, GPCC, GPCC-F, GPCC-L, 

and CloudSat over frozen land in northcentral and northeast Asia. These maps are constructed at 

2.5ox2.5o resolution using two years of data (2007-2008) to reduce potential noises. 

Corresponding maps of elevation (from sea surface) and station counts (from GPCC full data) 

are also provided.  
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Figure 7. Quantitative comparison of the products shown in Figure 6. The scatter plots are 

constructed from the maps displayed in Figure 8. Summary statistics are shown in each panel 

that include Pearson Correlation Coefficient (CC), Relative BIAS (relative to GRACE, so one is 

a perfect score), and Root Mean Square Error (RMSE) (mm day-1).  
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Figure 8. Winter snowfall rates as a function of (a) T2m threshold and (b) surface elevation 

above sea level.  
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Figure 9. Time series of a decade (2004-2013) of winter mean snowfall rates from the studied 

products over frozen regions in north and northeast Asia. The mean snowfall rates are based on 

two-year running averages to enhance the stability of results. GRACE estimate is not shown for 

winter 2011, when more than a month of GRACE observations were unavailable due to battery 

management.  
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Figure 10. Quantitative statistics (CC, relative RMSE, and relative bias) calculated between 

GRACE winter snowfall rates and other products as a function of TT (top row) and elevation 

(bottom row) using a decade of corresponding datasets (2004-2013). Relative RMSE is 

calculated by dividing RMSE values by GRACE snowfall rate. Relative BIAS is defined as bias 

relative to GRACE, so one is a perfect score.  
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Figure 11. Similar to Figure 9, but is constructed over northwestern North America. The study 

area in 2008 is shown in Fig 1b. 

 

 

 

 

 

 

 

 


